Abstract: Snow cover is an essential climate variable of the Global Climate Observing System. Gaofen-4 (GF-4) is the first Chinese geostationary satellite to obtain optical imagery with high spatial and temporal resolution, which presents unique advantages in snow cover monitoring. However, the panchromatic and multispectral sensor (PMS) onboard GF-4 lacks the shortwave infrared (SWIR) band, which is crucial for snow cover detection. To reach the potential of GF-4 PMS in snow cover monitoring, this study developed a novel method termed the restored snow index (RSI). The SWIR reflectance of snow cover is restored firstly, and then the RSI is calculated with the restored reflectance. The distribution of snow cover can be mapped with a threshold, which should be adjusted according to actual situations. The RSI was validated using two pairs of GF-4 PMS and Landsat-8 Operational Land Imager images. The validation results show that the RSI can effectively map the distribution of snow cover in these cases, and all of the classification accuracies are above 95%. Signal saturation slightly affects PMS images, but cloud contamination is an important limiting factor. Therefore, we propose that the RSI is an efficient method for monitoring snow cover from GF-4 PMS imagery without requiring the SWIR reflectance.
Introduction
Snow is an important type of land cover. During the northern hemisphere winter, approximately one-third of the global land surface can be covered by snow [1, 2] . Seasonal variation characteristics owing to extensive snowfall in winter and rapid snowmelt in spring make snow a significantly dynamic component of the ecosystem [2, 3] . Snow plays a key role in the heat exchange and energy balance between the atmosphere and land surface because of its high albedo in visible and near-infrared (VNIR) bands [1, 4, 5] . Hence, snow cover has been selected as one of the essential climate variables of the Global Climate Observing System [6] . Moreover, more than half of the global fresh water is in solid form [5, 7, 8] . Seasonal snowmelt runoff is a major source of water for humans and ecosystems in mid-high latitudes and mountainous areas [1, [9] [10] [11] [12] [13] . The long duration of snowfall in winter can lead to snow disasters, whereas the rapid snowmelt in spring can result in flooding hazards [14, 15] . Therefore, monitoring snow cover is essential for climate change study, water resource management, and disaster prevention and mitigation.
Data Source

GF-4 PMS Images
The China Center for Resources Satellite Data and Application (CCRSDA) provided the Level-1A GF-4 PMS data without atmospheric correction. The original GF-4 PMS images were transformed from digital number to top-of-atmosphere (TOA) radiance by using the radiometric calibration coefficients published on the official website of the CCRSDA [30] . Then, the TOA radiance images were atmospherically corrected to surface reflectance with a look-up table built by the Second Simulation of the Satellite Signal in the Solar Spectrum (6S) model. The surface reflectance images were geometrically corrected using the rational polynomial coefficient orthorectification [31] . Two scenes of GF-4 PMS images were obtained and processed to validate the effectiveness of the RSI method for snow cover monitoring.
Landsat-8 OLI Images
The OLI onboard the Landsat-8 satellite is a multispectral optical sensor and possesses the SWIR band and other existing bands on the GF-4 PMS. The NDSI has been successfully applied to the Landsat-8 OLI images [32, 33] . The Landsat-8 surface reflectance higher level science data products are topographically and atmospherically corrected and can be ordered from the United States Geological Survey (USGS) Earth Resources Observation and Science Center Science Processing Architecture On-Demand Interface. In this study, the Landsat-8 OLI images were used to build the RSI method as a substitution of the GF-4 PMS images and to evaluate the relationship and differences between the RSI and NDSI.
For building the RSI method, we obtained nine scenes of the Landsat-8 surface reflectance higher level science data products. Considering varying conditions, such as snow cover types, land cover types of background, data acquisition dates, and topographies, the nine OLI images were distributed in different parts of the observation areas of the GF-4. Figure 1 shows the location of these images and the corresponding paths and rows. Snow cover pixels in the nine OLI images were detected by a NDSI threshold of 0.4 and a reflectance threshold of 0.11 in the near-infrared (NIR) band, as proposed by Riggs et al. [19] . After the snow cover detection, a sample of 180,000 pixels, which comprised 10,000 snow cover pixels and 10,000 background pixels per image, was selected randomly for the following research.
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Methodology
Spectral Matching between PMS and OLI
The reflectance of snow cover in the SWIR band is low [5, 17, 18] , which is one of the most important features used to construct snow index methods. Therefore, the RSI was designed to take advantage of this feature. Considering the absence of the SWIR band on the GF-4 PMS, a SWIR band restoration method for GF-4 PMS needed to be constructed by indirectly using other appropriate remote sensing data. As mentioned previously, the Landsat-8 OLI images were selected as a substitution for the GF-4 PMS images to build the restoration method.
It was necessary to conduct spectral matching because of the differences between sensor parameters, such as the spectral responses of GF-4 PMS and Landsat-8 OLI in the corresponding bands. Table 1 and Figure 2 show the sensor parameters and spectral response functions of GF-4 PMS and Landsat-8 OLI [30, 35, 36] . The wavelength ranges of PMS are slightly wider than those of OLI in the visible bands. As for the NIR band, the wavelength range of PMS is much wider than that of OLI. The central wavelengths of PMS are close to those of OLI in the visible bands. As for the NIR band, the central wavelength of PMS is shorter than that of OLI. Furthermore, the spatial resolution of PMS is 1.6 times that of OLI. Considering the abovementioned differences, the differences in reflectance of the same objects between the two sensors in the corresponding bands need to be evaluated to ensure that the restoration method built with the OLI image also applies to the PMS image. The Johns Hopkins University Spectral Library [37] and the spectral response function of PMS and OLI were used to simulate the reflectance of typical objects in specific bands by using Equation (1):
where is the reflectance in the band; is the reflectance at the wavelength; SPF is the normalized spectral response at the wavelength; and and are the initial and end wavelengths of the band, respectively. The reflectance of 214 typical objects such as igneous rocks, manmade materials, metamorphic rocks, sedimentary rocks, snow, soil, and vegetation were calculated. Figure  3 shows the scatterplots of the GF-4 PMS reflectance versus the Landsat-8 OLI reflectance. The consistency of reflectance of the same objects between the two sensors is very satisfactory in the visible bands. For the NIR band, the scatterplot exhibits greater variability from the trend line than those of the visible bands, and the root mean square error (RMSE) is an order of magnitude larger than those of the visible bands. This is mainly caused by the larger difference between the spectral response function of PMS and that of OLI in the NIR band. The NIR band of PMS is much wider and the central wavelength is shorter than that of OLI. If the reflectance of an object changes sharply in the wavelength range of 700 to 900 nm, such as for vegetation, the NIR reflectance of this object in PMS and OLI images will be different. However, the Landsat-8 OLI data are still a good substitution, considering the excellent consistency of the linear trend of PMS and OLI in the visible bands and the acceptable consistency of the linear trend in the NIR band. Considering the abovementioned differences, the differences in reflectance of the same objects between the two sensors in the corresponding bands need to be evaluated to ensure that the restoration method built with the OLI image also applies to the PMS image. The Johns Hopkins University Spectral Library [37] and the spectral response function of PMS and OLI were used to simulate the reflectance of typical objects in specific bands by using Equation (1):
where R is the reflectance in the band; R λ is the reflectance at the wavelength; SPF λ is the normalized spectral response at the wavelength; and λ 1 and λ 2 are the initial and end wavelengths of the band, respectively. The reflectance of 214 typical objects such as igneous rocks, manmade materials, metamorphic rocks, sedimentary rocks, snow, soil, and vegetation were calculated. Figure 3 shows the scatterplots of the GF-4 PMS reflectance versus the Landsat-8 OLI reflectance. The consistency of reflectance of the same objects between the two sensors is very satisfactory in the visible bands. For the NIR band, the scatterplot exhibits greater variability from the trend line than those of the visible bands, and the root mean square error (RMSE) is an order of magnitude larger than those of the visible bands. This is mainly caused by the larger difference between the spectral response function of PMS and that of OLI in the NIR band. The NIR band of PMS is much wider and the central wavelength is shorter than that of OLI. If the reflectance of an object changes sharply in the wavelength range of 700 to 900 nm, such as for vegetation, the NIR reflectance of this object in PMS and OLI images will be different. However, the Landsat-8 OLI data are still a good substitution, considering the excellent consistency of the linear trend of PMS and OLI in the visible bands and the acceptable consistency of the linear trend in the NIR band. 
Restoration of Reflectance of Snow Cover in the SWIR Band
For multispectral sensors, the reflectance in VNIR bands carry sufficient information to accurately restore the reflectance in the SWIR band [38] . Gladkova et al. successfully restored the partly nonfunctional band 6 (centered at 1.6 μm) data of the MODIS on Aqua with the quantitative image restoration (QIR) method based on multilinear regression [38, 39] . Then, the restored data of band 6 are applied to calculate the NDSI and generate the MODIS Collection 6 snow cover products [1, 39] , which can be a reference for the restoration and RSI method for the GF-4 PMS.
Clustering and Regression
The QIR method is based on a multilinear regression using the information in a spatial-spectral window around each restored pixel [38, 39] . The coefficients of multilinear regression are trained with data from the working detectors and are variational for each MODIS image. For the GF-4 PMS, there is no SWIR band data for training variational regression coefficients for each image. Fixed coefficients of multilinear regression may not apply to all observation areas of the GF-4. To evaluate the variability of regression coefficients, we trained the coefficients of multilinear regression with the abovementioned snow cover samples per OLI image. The reflectance of snow cover in blue, green, red, and NIR bands were used as the independent variables, and the reflectance of snow cover in the SWIR band was used as the dependent variable. The coefficients per image are shown in Table 2 . Except for the intercept, the remaining coefficients of multilinear regression show great variability, which indicates the poor robustness of fixed regression coefficients. 
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Clustering and Regression
The QIR method is based on a multilinear regression using the information in a spatial-spectral window around each restored pixel [38, 39] . The coefficients of multilinear regression are trained with data from the working detectors and are variational for each MODIS image. For the GF-4 PMS, there is no SWIR band data for training variational regression coefficients for each image. Fixed coefficients of multilinear regression may not apply to all observation areas of the GF-4. To evaluate the variability of regression coefficients, we trained the coefficients of multilinear regression with the abovementioned snow cover samples per OLI image. The reflectance of snow cover in blue, green, red, and NIR bands were used as the independent variables, and the reflectance of snow cover in the SWIR band was used as the dependent variable. The coefficients per image are shown in Table 2 . Except for the intercept, the remaining coefficients of multilinear regression show great variability, which indicates the poor robustness of fixed regression coefficients. To reduce the influence of the variability of regression coefficients, unsupervised clustering was conducted before multilinear regression. The normalized difference between the reflectance in red and SWIR bands, as well as that between the reflectance in NIR and SWIR bands, was selected as the input feature of unsupervised clustering. The k-means clustering method was used as the unsupervised clustering algorithm [40] . After clustering, the regression coefficients were determined with the snow cover samples per cluster. The reflectance of snow cover in red and NIR bands were used as the independent variables, according to the better performance compared to other combinations of independent variables. The number of clusters needs to be determined before clustering, and was set to three in this study to balance the accuracy and complexity of the restoration method. Table 3 shows the cluster centers and regression coefficients per cluster. Figure 4 shows the scatterplot of the regression values versus the real values of the reflectance of the abovementioned snow cover samples in the SWIR band, and Figure 5 shows the histogram of the differences between the regression and real values of the SWIR reflectance of these samples. There is a slight nonlinear relationship between the regression and real values of the reflectance of these samples in the SWIR band. A proportion of the low values were overestimated, and a proportion of the high values were underestimated. Most of the scatter points are distributed near the 1:1 line, and the R 2 value is 0.8636. Moreover, the distribution of the differences is close to the normal distribution, with a mean close to zero, and the standard deviation is 0.0153, which indicate the satisfactory performance of the multilinear regression after unsupervised clustering. 
Classification and Restoration
The normalized difference between the reflectance in the red and SWIR bands, as well as that between the reflectance in the NIR and SWIR bands, was used as the input feature of unsupervised clustering in this study. For GF-4 PMS images, there is no SWIR band available for calculating the normalized difference, thus the snow cover pixels cannot be classified with the previous clustering method. To determine the category of the snow cover pixels in GF-4 PMS images, a multilayer feedforward neural network was trained as the supervised classifier with the previous results of the unsupervised clustering. Figure 6 shows the structure of the neural network, which contains two hidden layers. The first hidden layer contains twelve neurons, and the second hidden layer contains nine neurons. The network was trained using the Bayesian regulation backpropagation algorithm [41] . The input of the network is the reflectance of snow cover in the blue, red, green, and NIR bands, and the output is the probability that the snow cover belongs to each cluster. 
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where R r SW IR is the restored reflectance of snow cover in the SWIR band; p i is the probability that the snow cover belongs to cluster i and ∑ 3 i=1 p i = 1; a i , b i , and c i are the regression coefficients and intercept of cluster i; and R red and R N IR are the reflectance of snow cover in the red and NIR bands, respectively. According to the restoration process, the restored reflectance in the SWIR band is a complex nonlinear combination of the whole information provided by the reflectance in the VNIR bands, and the restoration method is only suitable for snow cover. Figure 7 shows the scatterplot of the restored reflectance versus the real reflectance of the abovementioned snow cover samples in the SWIR band. The scatterplot exhibits greater variation and a stronger nonlinear trend compared to Figure 4 , which is due to the fact that the supervised classification cannot completely reproduce the results of the unsupervised clustering. Figure 7 inherits and enhances the nonlinearity shown in Figure 4 . This enhancement was mainly caused by the loss function adopted to train the neural network. The mean square error (MSE) of the restoration results was used as the loss function. The parameters of the neural network were optimized to minimize the value of the MSE during the training process. For low values, the errors of these samples are small and contribute little to the value of the MSE. For high values, the amount of these samples is small, and the contribution is also small. Therefore, the errors of samples with medium reflectance were optimized effectively to minimize the value of the MSE. However, the overestimation of low reflectance and estimation of high reflectance were not well suppressed, which led to the visible nonlinearity.
However, from the density distribution of the scatterplot shown in Figure 7 , most of the scatter points are still distributed near the 1:1 line and the R 2 value is 0.6161. Figure 8 shows the histogram of the differences between the restored and real SWIR reflectance of these samples. The distribution of the differences is still close to the normal distribution, with a mean close to zero, and the standard deviation is 0.0256. This distribution of the differences indicates that the errors of most samples are close to zero, and there is almost no overall systematic error in the restoration results. 
Restored Snow Index
The NDSI is defined as the normalized difference between the reflectance in the green and SWIR bands. For snow cover, the reflectance in the green band is higher than that in the SWIR band. The NDSI value of snow cover is positive, whereas those of other land cover types are negative or close to zero. Therefore, the NDSI can separate snow cover and background by enhancing the spectral signature of snow cover. For GF-4 PMS images, we have already built the restoration method to restore the reflectance of snow cover in the SWIR band. After the restoration, the NDSI can be calculated as follows:
where is the reflectance in the green band, is the restored reflectance in the SWIR band, and is the NDSI calculated with the restored SWIR reflectance. However, the restoration method is built with snow cover samples and is unsuitable for other land cover types. The restored SWIR reflectance of snow cover is accurate, but those of other land cover types may be not. Therefore, the effectiveness of the for snow cover detection may be weakened. To evaluate the effectiveness of the , the abovementioned snow cover and background samples from nine OLI images were used to restore the SWIR reflectance and calculate Figure 8 . Histogram of the differences between the restored and real reflectance of the 90,000 snow cover samples in the SWIR band.
where R green is the reflectance in the green band, R r SW IR is the restored reflectance in the SWIR band, and NDSI r is the NDSI calculated with the restored SWIR reflectance.
However, the restoration method is built with snow cover samples and is unsuitable for other land cover types. The restored SWIR reflectance of snow cover is accurate, but those of other land cover types may be not. Therefore, the effectiveness of the NDSI r for snow cover detection may be weakened. To evaluate the effectiveness of the NDSI r , the abovementioned snow cover and background samples from nine OLI images were used to restore the SWIR reflectance and calculate the NDSI r . Figure 9 illustrates the histograms of the NDSI r value of the 90,000 snow cover and 90,000 background pixels.
As shown in Figure 9 , the separability between the NDSI r value of snow cover and that of background is weakened. The NDSI r value of snow cover is still positive, but that of the background is positive too. Most of the snow cover and background samples can be distinguished by differences in the NDSI r value. The overall accuracy of classification can reach 93.28% when the segmentation threshold is set to 0.598, but there are still 4.78% of the snow cover samples and 8.67% of the background samples misclassified with the optimal segmentation threshold, which is unsatisfactory.
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To enhance the separability of the snow cover and background and take advantage of the restored SWIR reflectance of snow cover, the RSI was built with the LDA method, which has been widely used to construct classification-oriented multispectral indices [42, 43] . The LDA is a method that can find a linear combination of multiple variables and aims to enhance the separability between different categories. The resulting combination can be used as a form of classification-oriented multispectral index [44] .
Considering the spectral characteristics in VNIR bands and interaction between bands, the reflectance in the VNIR bands, the restored SWIR reflectance, and the NDSI r value of each pixel are seen as a six-dimensional vector for the GF-4 PMS image. The LDA method can obtain a transformation of the six-dimensional vectors by projecting the vectors onto a one-dimensional line. The separability between the snow cover and background was maximized after the projection. The abovementioned snow cover and background samples from nine OLI images were used as the training data for the LDA. The form of the RSI built with LDA is as follows:
where R blue , R green , R red , and R N IR are the reflectance in the VNIR bands, respectively; R r SW IR is the restored reflectance in the SWIR band; and NDSI r is the NDSI calculated with the restored SWIR reflectance. The abovementioned snow cover and background samples from nine OLI images were used to calculated the RSI. Figure 10 illustrates the histograms of the RSI values of the 90,000 snow cover and 90,000 background pixels. into the RSI, the performance of the classification could be improved. As a comparison, the best overall accuracy of classification is 97.75%, using a simple VNIR-band linear classifier trained with the LDA method, which is lower than that of the RSI. In summary, the RSI method for snow cover monitoring from GF-4 PMS imagery can be summarized as three steps. First, the SWIR reflectance of pixels in GF-4 PMS surface reflectance images are restored with the pretrained multilayer feedforward neural network and Equation (2) . Then, the RSI values are calculated with the Equations (3) and (4), which provide more information of snow cover than binary classification results. Finally, the distribution of snow cover can be mapped with a proper segmentation threshold applied to the RSI image. Figure 11 presents the flowchart of the proposed RSI method. Figure 11 . Flowchart of the RSI method for snow cover monitoring form GF-4 PMS imagery.
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The separability between the snow cover and background is enhanced. The overall accuracy of classification can reach 98.34% when the segmentation threshold is set to 0.131. Overall, 2.67% of the snow cover samples and 0.64% of the background samples are misclassified with the optimal segmentation threshold, which is more satisfactory than the performance of the NDSI r .
As mentioned previously, the restored SWIR reflectance, as well as the NDSI r , is not a simple linear combination of the reflectance in VNIR bands. By introducing these nonlinear combinations into the RSI, the performance of the classification could be improved. As a comparison, the best overall accuracy of classification is 97.75%, using a simple VNIR-band linear classifier trained with the LDA method, which is lower than that of the RSI.
In summary, the RSI method for snow cover monitoring from GF-4 PMS imagery can be summarized as three steps. First, the SWIR reflectance of pixels in GF-4 PMS surface reflectance images are restored with the pretrained multilayer feedforward neural network and Equation (2) . Then, the RSI values are calculated with the Equations (3) and (4), which provide more information of snow cover than binary classification results. Finally, the distribution of snow cover can be mapped with a proper segmentation threshold applied to the RSI image. Figure 11 presents the flowchart of the proposed RSI method.
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Validation
Test Sites
To validate the efficiency of the RSI method, we selected two test sites after taking the representativeness of the snow cover samples and availability of the remote sensing data into consideration. The first test site is located in Chengde City, Hebei Province, northeastern China, and the second one is located in Qinghai Province, northwestern China, near the Hala Lake. As mentioned previously, a pair of the GF-4 PMS and Landsat-8 OLI images was obtained for each test site. Figure 12 displays the green-red-blue (RGB) composite images of the overlapping regions between the PMS and OLI images. Table 4 presents the details of the two image pairs. The acquisition dates of the selected PMS and OLI images are as close as possible for each pair to reduce the temporal changes of snow cover and other land cover types. A snowfall occurred in the first test site on 12 December 2016. Most of the snow cover in the first test site belonged to the category of fine snow, as well as seasonal snow. No snowfall had occurred in the second test site before 15 October 2016. Most of the snow cover in the second test site belonged to the categories of medium and coarse granular snow, as well as perennial snow.
dates of the selected PMS and OLI images are as close as possible for each pair to reduce the temporal changes of snow cover and other land cover types. A snowfall occurred in the first test site on 12 December 2016. Most of the snow cover in the first test site belonged to the category of fine snow, as well as seasonal snow. No snowfall had occurred in the second test site before 15 October 2016. Most of the snow cover in the second test site belonged to the categories of medium and coarse granular snow, as well as perennial snow. 
Results
The GF-4 PMS surface reflectance images were processed according to the flowchart shown in Figure 11 . The SWIR reflectance images were restored, and then the NDSI r and RSI images were calculated. Figure 13 displays the NDSI r results and the RSI results of the two test sites, respectively. By comparing the NDSI r and RSI images, it can be found that the contrast between the snow cover and background is more significant in the RSI images than in the NDSI r images. The NDSI r cannot distinguish snow cover from bare land in the mountainous area in the southeast part of the first test site. For the RSI images, the contrast between snow cover and bare land in that area is more satisfactory, which indicates the necessity and effectiveness of the RSI method for snow cover monitoring from GF-4 PMS images.
After calculating the RSI images, the distribution of snow cover of the two test sites were mapped with a segmentation threshold, which was set to 0.131 according to Section 3.3. Figure 14 displays the classification results. The blue part denotes the pixels that are classified as snow cover, while the gray part denotes the pixels that are classified as background. Fine snow in the first test site and medium and coarse snow in the second test site are successfully detected, which verifies the effectiveness of the RSI method when applied to the GF-4 PMS images in these cases. To quantitatively evaluate the classification accuracy, a sample of 10,000 pixels, which comprises 5000 pixels from the first test site and 5000 pixels from the second test site, was selected randomly and used as the validation dataset. To avoid subjective influence, the real categories of the samples were determined by visual interpretation one by one without knowing the classification results of the RSI method. The number of the snow cover pixels identified by visual interpretation is 3179. As for the background pixels, the number is 6821. We obtained a confusion matrix for the total of the 10,000 sample pixels. 
The GF-4 PMS surface reflectance images were processed according to the flowchart shown in Figure 11 . The SWIR reflectance images were restored, and then the and RSI images were calculated. Figure 13 displays the results and the RSI results of the two test sites, respectively. By comparing the and RSI images, it can be found that the contrast between the snow cover and background is more significant in the RSI images than in the images. The cannot distinguish snow cover from bare land in the mountainous area in the southeast part of the first test site. For the RSI images, the contrast between snow cover and bare land in that area is more satisfactory, which indicates the necessity and effectiveness of the RSI method for snow cover monitoring from GF-4 PMS images.
After calculating the RSI images, the distribution of snow cover of the two test sites were mapped with a segmentation threshold, which was set to 0.131 according to section 3.3. Figure 14 displays the classification results. The blue part denotes the pixels that are classified as snow cover, while the gray part denotes the pixels that are classified as background. Fine snow in the first test site and medium and coarse snow in the second test site are successfully detected, which verifies the effectiveness of the RSI method when applied to the GF-4 PMS images in these cases. To quantitatively evaluate the classification accuracy, a sample of 10,000 pixels, which comprises 5000 pixels from the first test site and 5000 pixels from the second test site, was selected randomly and used as the validation dataset. To avoid subjective influence, the real categories of the samples were determined by visual interpretation one by one without knowing the classification results of the RSI method. The number of the snow cover pixels identified by visual interpretation is 3179. As for the background pixels, the number is 6821. We obtained a confusion matrix for the total of the 10,000 sample pixels. Table 5 calculates and lists the classification accuracies. A total of 159 snow cover pixels are misclassified as background, while 42 background pixels are misclassified as snow cover. Most of the omission snow cover pixels occurred in the northwestern part of the first test site. There was a seven-day gap between the snowfall and acquisition dates of the GF-4 PMS images in the first test site. During the seven days, impurities, such as soils and ashes, polluted a certain part of the snow cover. The spectral characteristics of the polluted snow cover change to a certain extent, thereby resulting in the omission errors. Most of the commission snow cover pixels occurred in the eastern part of the second test site. The real categories of most commission pixels are cloud with high reflectance in VNIR bands. The spectral characteristics of clouds are similar to those of snow cover in VNIR bands, thereby resulting in the commission errors. Although certain polluted snow and cloud pixels may be misclassified, all of the classification accuracies of the snow cover identification are above 95%, which demonstrates the effectiveness of the RSI method when applied to cloud-free GF-4 PMS images in these cases.
Comparison between RSI and NDSI
As mentioned previously, the NDSI is the most widely used snow index method, which is adopted to generate most of the global and regional snow cover datasets [5, [19] [20] [21] . Therefore, the relationship and difference between the RSI and NDSI need to be evaluated. According to the definitions of the RSI and NDSI, there is no simple linear relationship between the values of the RSI and NDSI. Due to the fact that the restored SWIR reflectance of land cover types other than snow cover may not be accurate, the NDSI r value cannot represent the real NDSI value. Therefore, the Landsat-8 OLI surface reflectance images were used to calculate the NDSI images.
The distributions of the RSI and NDSI values of snow cover and background samples classified by the RSI method are shown in Figure 15 by the box and whisker plots. The RSI ranges from 0 to 0.25, and the NDSI ranges from −1 to 1. The range of the NDSI is larger than that of the RSI. Both the RSI and NDSI can distinguish snow cover from background with a proper segmentation threshold. For the NDSI, the threshold is near zero. For the RSI, the values of background samples are also positive, and the snow cover and background cannot be distinguished by the positive or negative sign of the RSI value. The recommended value of the segmentation threshold for the RSI is near 0.13, which should be adjusted according to actual situations.
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Discussion
Signal Saturation
The efficiency of the RSI method for snow cover monitoring from GF-4 PMS images has been evaluated in Section 4.2. However, the radiation resolution of PMS may limit its capacity for snow cover observation. The radiation resolution of PMS is 10 bits, whereas that of Landsat-8 OLI is 12 bits. Signal saturation is likely to occur in the PMS image when the reflectance of snow cover is very high. The saturated pixels will still be classified as snow cover by the RSI method. However, signal saturation will affect the reflectance of snow cover and change the corresponding RSI value.
To study the influence of signal saturation in the PMS image, we identified saturation pixels in the two scenes of the original GF-4 PMS images. Each scene of the original GF-4 PMS image has 104,857,600 pixels. Table 6 lists the numbers of the saturation pixels of the two test sites. No saturation pixels exist in the green band. For the other bands, the number of saturation pixels is also very small. The radiation resolutions of PMS in VNIR bands are the same, and the reflectance of snow cover in VNIR bands are on the same order of magnitude. The integration time of PMS images adopted in this study is 20 s in the green band, while it is 30 s in the other bands. Therefore, the signal saturation is absent in the green band. For other bands, the proportions of saturation pixels are very small. Signal saturation slightly affects the GF-4 PMS images of the two test sites. Furthermore, the integration time of PMS is flexible and can be adjusted to reduce the influence of signal saturation. 
Cloud Contamination
Apart from signal saturation, cloud contamination is also an important limiting factor of snow cover monitoring. GF-4 is a geostationary satellite with high temporal resolution. The observation mode and temporal resolution of PMS onboard GF-4 are flexible. In the starring mode, the frequency of continuous observations made by GF-4 of the same location can reach the minute level [45] . As a comparison, the temporal resolution of Landsat-8 OLI is 16 days. Therefore, GF-4 can adjust the imaging time to obtain cloudless observation of a specific location, which is impossible for polar-orbiting satellites. However, the size of scanning areas of GF-4 PMS is 400 km × 400 km, which is much wider than that of Landsat-8 OLI. Considering the size of scanning areas, cloud cover can be common in a PMS image. The impact of cloud contamination on the RSI method cannot be ignored and should be discussed.
As mentioned previously, cloud pixels are the main cause of commission errors in snow cover detection. Figure 16 shows an enlarged view of the cloud pixels in the second test site. Thin clouds can be removed using the RSI method. Most of the thick clouds are misclassified as snow cover. The spectral signal of the land cover under the thin clouds can be partially captured by the sensor, thereby helping in removing the thin clouds. For thick clouds, the sensor does not capture the land cover signal. The spectral characteristics of thick clouds are very similar to those of snow cover in VNIR bands. Reflectance in the SWIR band can effectively separate the cloud and snow cover. However, GF-4 PMS lacks the SWIR band. Furthermore, the restoration of reflectance in the SWIR band is only suitable for snow cover. Therefore, the capability of GF-4 PMS image to distinguish thick clouds and snow cover is not as satisfactory as that of other remote sensing data comprising the SWIR band. The RSI method is only suitable for cloud-free parts of GF-4 PMS images, and accurate cloud masks are necessary for the RSI method when cloud contamination exists. Zheng et al. (in 2017) and Hu et al. (in 2018) independently constructed an automatic cloud detection algorithm for GF-4 PMS data [45, 46] . Except for the spectral information, the morphological and texture features extracted from a single PMS image, as well as the temporal variations extracted from multitemporal PMS images, are used in their methods. By introducing additional information, the separation of cloud and other objects with high reflectance in VNIR bands is improved. The cloud masks generated by these cloud detection algorithms can be used for the preprocessing of PMS data and screening out cloud-free parts for the RSI method.
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(a) (b) Furthermore, the GF-4 satellite possesses an infrared scanner (IRS) onboard. The GF-4 IRS images possess one middle infrared (MIR) band with wavelengths in the range of 3.5-4.1 μm. The reflectance of snow cover and cloud are different in the MIR band, which have been evaluated by Allen et al. [47] . The IRS image may be helpful in removing thick clouds. However, it is difficult to separate the reflectance from the MIR signal, and there is no such published algorithm for GF-4 IRS data so far. The brightness temperature could be a substitute for the reflectance in the MIR band for removing thick clouds [48] . However, the relative size of the temperature of cloud and snow cover is not stable, which may weaken the difference between the brightness temperature of cloud and snow cover. Therefore, the efficiency of removing thick clouds by using the GF-4 IRS images remains to be evaluated in future studies.
Limitations and Perspectives
The impacts of signal saturation and cloud contamination on the RSI method have been fully discussed previously. However, there are still other constraints that may limit the efficiency of the RSI method. Shadow is a significant limiting factor, especially for rugged topography. Without appropriate topographical correction, the reflectance of snow cover in shadows can be much lower than that of normal snow cover in VNIR bands, which may lead to misclassification. Furthermore, the tilt observation mode and flexible observation time of GF-4 could make shadow more common in GF-4 PMS data. Besides shadowing, the selection of the segmentation threshold is also important. An improper threshold value may result in unsatisfactory classification results. Considering the size of the scanning areas of GF-4 (400 km × 400 km), a single threshold may not be applicable to different parts of a scene of GF-4 PMS data.
The RSI method can map the distribution of snow cover without the SWIR reflectance and can be a reference for other similar remote sensing data without the SWIR band, such as the Wide Field Camera (WFV) data of GF-1, the Wide View CCD Camera (WVC) data of HJ-1, the High Resolution CCD Camera (HRCC) data of CBERS-1 and CBERS-2, and so on. However, the Landsat-8 OLI data were used as a substitution to build the RSI method. The consistency of the linear trend of OLI and Furthermore, the GF-4 satellite possesses an infrared scanner (IRS) onboard. The GF-4 IRS images possess one middle infrared (MIR) band with wavelengths in the range of 3.5-4.1 µm. The reflectance of snow cover and cloud are different in the MIR band, which have been evaluated by Allen et al. [47] . The IRS image may be helpful in removing thick clouds. However, it is difficult to separate the reflectance from the MIR signal, and there is no such published algorithm for GF-4 IRS data so far. The brightness temperature could be a substitute for the reflectance in the MIR band for removing thick clouds [48] . However, the relative size of the temperature of cloud and snow cover is not stable, which may weaken the difference between the brightness temperature of cloud and snow cover. Therefore, the efficiency of removing thick clouds by using the GF-4 IRS images remains to be evaluated in future studies.
The RSI method can map the distribution of snow cover without the SWIR reflectance and can be a reference for other similar remote sensing data without the SWIR band, such as the Wide Field Camera (WFV) data of GF-1, the Wide View CCD Camera (WVC) data of HJ-1, the High Resolution CCD Camera (HRCC) data of CBERS-1 and CBERS-2, and so on. However, the Landsat-8 OLI data were used as a substitution to build the RSI method. The consistency of the linear trend of OLI and PMS in VNIR bands were evaluated in this study. When applying the RSI method to other similar remote sensing data without the SWIR band, the consistency of the linear trend of OLI and other remote sensing sensor needs to be reevaluated. Differences in the spatial resolution, if they exist, also need to be addressed. It might not be wise to apply the RSI method directly to other similar remote sensing data. Nevertheless, the process and methodology of constructing the RSI method can provide a reference for building snow cover detection methods for other similar remote sensing sensors.
The RSI method was validated in two test sites, which were selected after taking the representativeness of multiple factors into consideration. However, further validation needs to be conducted to test the efficiency of the RSI method in different areas of the observation range of the GF-4. The RSI method was used to map the distribution of snow cover in this study. Just like other snow indices, the value of RSI may be related to some specific characteristics of snow cover, such as the fractional snow cover, snow grain size, and so on. This potential relationship between the RSI value and snow cover characteristics needs to be evaluated in the future studies to expand the application of the RSI method. The input of the RSI method is the surface reflectance, and therefore the precision of the surface reflectance will influence the performance of the RSI method. However, there is no published atmospheric correction algorithm for GF-4 PMS data as of yet. Constructing such atmospheric correction algorithms on the basis of the radiative transfer model or other theories will significantly strengthen the practicability of the RSI method.
Conclusions
Our study introduced a new method, termed the RSI, to monitor snow cover from GF-4 PMS imagery without the SWIR band. The reflectance of snow cover in the SWIR band is restored by comprehensively using unsupervised clustering, multilinear regression, and supervised classification. Based on the LDA method, the RSI are defined and calculated with the restored SWIR reflectance, which provides more information of snow cover than binary classification results. The distribution of snow cover can be mapped with a proper segmentation threshold applied to the RSI results.
The new method was applied to and validated with two pairs of GF-4 PMS and Landsat-8 OLI images. All of the classification accuracies of the snow cover detection were above 95%, which indicates the efficiency of the RSI method for snow cover detection in these cases. There is no simple linear relationship between the values of the RSI and NDSI, and the snow cover and background cannot be distinguished by the positive or negative sign of the RSI value. A proper segmentation threshold needs to determined and adjusted according to actual situations to map the distribution of snow cover. Although the radiation resolution of PMS is 10 bits, signal saturation slightly affects the PMS images used in this study, yet cloud contamination is still an important limiting factor of snow cover monitoring from PMS imagery.
The RSI method does not rely on SWIR reflectance and can thus be a reference to monitor snow cover from other remote sensing data without the SWIR band. This method is helpful in reaching the potential of GF-4 PMS imagery in snow cover monitoring. 
